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Abstract
A taken-for-granted factor that facilitates the economic transactions
in E-commerce platforms is the customer’s trust in vendors’ reputation.
The empirical evaluation targeting the statistical consistency of the trust-
sales relationship, however, remains neglected in the literature. As an
exploratory attempt of filling this gap, we provide a data-driven compre-
hensive framework that allows us to develop a reproducible web scraping
procedure that automatically extracts the information of the interaction
between customers and sellers in a Latin-American E-Commerce website
with commercial operations in 18 countries. Among all nations analyzed,
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only Argentina, Brasil, Chile, Colombia, Ecuador, Mexico, Uruguay, and
Venezuela showed the highest indexes of trust. Although the trust-sales
relationship was not statistically consistent across nations, trust proved
to be the most important predictor of sales followed by purchase intention
and price.
1 Introduction
A recent bibliometric study on E-commerce research Lin, Hsu and Chiang [19]
showed a couple of facts that we take as the motivation for this work. The first
fact was that “E-commerce” and “trust” appeared as the primary most fre-
quently used keywords in the top-ten list of author-assigned keywords. The sec-
ond fact showed that the United States of America, Taiwan, China, South Korea,
Canada, England, Germany, Singapore, Australia, and the Netherlands occu-
pied the top-ten positions in the scientific community of E-commerce research.
This pair of facts seems to show that trust is a paramount topic for both Eastern
and Western cultures. We wonder if this is also the case for Latin-American na-
tions. Several reasons led us to posit such a question. First, despite the existence
of a specialized scientific journal in Latin-America (Journal of Theoretical and
Applied Electronic Commerce Research), the bibliometric study of [19] pointed
out that few nations in the region (Chile, Colombia, Mexico, and Guatemala) are
involved in researching on trust and its role on E-commerce. Such circumstance,
we believe, is timely for exposing a novel approach that allows the understand-
ing of how Latin-Americans behave when they use their E-commerce platforms
in their local markets. The relevance of this effort is evident in the light of
technical expectations that point out that sales will grow 5.1% to US$1.988
trillion, making the region the fourth largest retail market in the world (https:
//www.emarketer.com/content/latin-america-ecommerce-2018). Another
reason that motivates our effort is that E-commerce in Latin-America is in its
early stage and that explains why the recent research focuses on the analysis of
the factors that facilitate its adoption in the region [10].
Two well-known and widely-accepted theoretical frameworks are relevant in
the literature. On the one hand, the theory of planned behavior (TPB) [1] posits
that individuals intentions to perform behaviors can be predicted with accuracy
from their attitudes toward their behavior, the subjective norms shared by the
members of their social groups, and their perceived behavioral control. These
intentions, in turn, explain a considerable amount of variance in actual behav-
ior. On the other hand, the technology acceptance model (TAM) [11] states the
existence of two psychological factors that influence the acceptance of technol-
ogy innovations. These factors are “perceived usefulness” and “perceived ease
of use”. The former refers to the perception of a user about the subjective prob-
ability that the use of technology will help increase his performance. The latter
refers to the individual’s subjective appreciation that using a particular tech-
nology involves least efforts. Another related model, widely disseminated, is the
so-called Unified Theory of Acceptance and Use of Technology (UTAUT), pro-
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posed by Venkatesh, Morris, Davis, and Davis [33]. This last model posits four
dimensions (i.e., performance expectancy, effort expectancy, social influence,
and facilitating conditions) and four moderators (i.e., age, gender, experience,
and voluntariness), that allow us to predict the intention to use a particular
technology [34]. Regardless of their conceptual differences, UTAUT, TPB, and
TAM have gained considerable evidence that supports them as relevant ones to
understand the complexities of the technology-mediated relationships between
buyers and sellers through E-commerce platforms [2, 24]. In fact, according to
Correa et al. [8], the integration of these perspectives became a well-accepted
proposition since [27] and [12] posited the role of trust and risk as the psycho-
logical mechanisms that make this theoretical integration a pertinent one for
the study of E-commerce.
In Pavlou’s terms, the primary constructs for capturing consumer accep-
tance of E-commerce are the intention to transact and the on-line transaction
behavior. These constructs, however, are related to trust [22, 31] and perceived
risk [13] because of the implicit uncertainty in the E-commerce environment.
Pavlou pointed out two forms of uncertainty in on-line transactions. The first
one is called “behavioral uncertainty” related to the actions of the web retailers
and the second is known as “environmental uncertainty” associated with the
unpredictable nature of the Internet. The perceived associated risks to these
forms of uncertainty posit some challenges for current research on E-commerce,
as we will show immediately. In Table 1, we allow ourselves to summarize these
risks and illustrate them with some examples.
Table 1: Uncertainties and associated risks in E-commerce transactions
Type of
uncertainty
Associated
risk
Example
Behavioral
Economic
A monetary loss that takes place when
a buyer pays for a product or service
without receiving it from the seller.
Personal
When sellers offer unsafe or untested
products that could create a buyer’s
health or individal issues.
Seller performance
Imperfect or unstandardized processes
of monitoring and delivering that
prevent consumers’ total satisfaction.
Privacy
Opportunity to disclose personal
consumer information, such as
credit card number or address.
Environmental
Economic
A monetary loss that takes place
when the transfer was not
successfully received by the
seller although it was
successfully discounted from
the buyer’s bank account.
Privacy
A possibility of theft of private
information or illegal disclosure
(e.g., e-mail or E-banking
passwords).
A common practice to lessen the uncertainties in E-commerce platforms is
the use of the so-called “reputation mechanisms” [21, 32]. Such mechanisms
are effective deterrents of disputes or undesirable behaviors from both buyers
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and sellers in online commerce platforms. On E-bay, for example, a dispute
occurs when a transaction generates a buyer or seller dissatisfaction as expressed
through neutral or negative feedback.
The so-called “electronic word-of-mouth” (eWom) is another reputation mech-
anism as it encompasses reviews, ratings, and recommendations which are com-
mon in the well-known “social commerce” [16, 14] where people are allowed to
post their opinions about the product and services they transact in online chan-
nels. According to [4] eWom is one of the three main online information sources
that influence online shopping (being the other two the information of manufac-
turer and retailers and the information provided by neutral/third parties). As
per [3], eWom should be considered as the first and perhaps primary source of
social buying experience because of its effects on consumers attitudes. Following
this reasoning, [26] proposed the concept of “review chunking” (i.e., grouping
reviews by valence), as a newly recognized factor that influences the persuasive
effect of online reviews, and examined the differential effects of review chunking
on product attitude for consumers with high versus low motivation to think.
Their results showed that for consumers with low motivation to think, review
chunking has a negative effect on product attitude, while the effect of review
chunking on consumers with high motivation to think, depends on whether they
read positive or negative reviews first.
The theoretical relevance of reviews, ratings, and recommendations, relies
on two interrelated aspects. They have shown not only significant effects on
the attitudes of consumers [41], but they also work as predictors of sales in
E-commerce platforms [9, 18, 26]. For example, [9] observed 332 new prod-
ucts from Amazon.com over nine months and concluded that the valence of
reviews and the volume of page views had a stronger effect on search products.
However, the volume of reviews was more important for experience products
although it had a significant impact on new product sales in the early period
with a decreasing effect over time. Moreover, the percentage of negative reviews
had a greater effect than that of positive reviews. [18] examined the effect of
textual consumer reviews on the sales of mobile apps, and found that although
consumers’ opinions on product quality occupied a larger portion of consumer
reviews, their comments on service quality had a stronger unit effect on sales
rankings.
Based on the aforementioned ideas, our aim in this paper is to examine
the empirical relationship between trust and sales in Mercadolibre, the leading
Latin-American E-Commerce website with commercial operations in 18 coun-
tries of the region [15]. Compared with other E-commerce platforms, a dis-
tinctive feature of Mercadolibre is that customers and vendors use the local
currency of their nations for conducting economic transactions. From a data
science perspective [37], this feature allows the analyst to grasp the size of each
local market, as captured by the number of transactions for a given item in each
country. As vendors in this website have to create a local account to conduct
their transactions in each specific country, these accounts are geographically
differentiated from the first time. Thus, direct comparisons can be conducted
by specifying a particular item. For example, if one is interested in knowing
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how many iPhone 7 were sold in Chile, Argentina, and Colombia, then one
can switch the URL “mercadolibre.com.cl” to “mercadolibre.com.ar” or “mer-
cadolibre.com.co” and look for iPhone 7 inside each of these sites. As we are
not aware of previous studies that follow a similar purpose, our contributions in
this paper consist of providing empirical evidence on the relationship between
trust and sales in Latin-American markets, with an easy-to-follow reproducible
protocol that allows other researchers verify our findings.
2 Materials and method
Our methodological framework exploits the benefits of web scraping [17] as a
convenient means for the automatic extraction of relevant data for E-commerce
research. We developed a computational script in the R environment [28] with
the aid of the “rvest” package [39] which was designed as a tool to extract data
from web pages and deploy it as tidy data frames that are ready to analyze from
a statistical point of view [23].
2.1 Data Source
As we previously mentioned, our primary data source was Mercadolibre.com.
Because users’ information is private according to the website, we did not con-
duct any procedure that vulnerates their privacy and confidential data (e.g.,
addresses, credit cards numbers, e-mail accounts, etc.). Instead, we focused
ourselves in extracting data that is publicly available in the website.
Since this platform allows the written interaction between its users, cus-
tomers can post questions to sellers regarding product presentations and war-
ranties, shipment conditions, etc. The buyers-sellers communication entails the
questions that customers ask vendors before initializing a transaction as well as
the answers that sellers provide in return. Once any customer decides to pur-
chase a product sold by a seller and the platform verifies the successful transfer
into the seller’s bank account, this transaction adds up into the seller’s statistics.
This transaction, in turn, affects the reputation of the seller as the platform en-
courages the customer to evaluate seller’s conduct as either positive feedback,
neutral feedback or negative feedback.
Our procedure consisted of extracting the records of the following core vari-
ables. First, as the number of questions might be regarded as a behavioral
proxy of “purchase intention” (PI) by members of this online community, we
extracted each of these questions and counted them for a selected set of most
commonly sold items across nations that we identified in preliminary analyses
(i.e., the Bible, Converse Chuck Taylor All-Stars, PlayStation 4, and Iphone7).
Second, we also extracted the number of “sold items” (SI) as a proxy of sales.
Third, we extracted the price of products as this is also an important element
that drives sales. Fourth, we extracted the reputation of the vendor, as cap-
tured by the number of positive feedback (PF), neutral feedback (NeuF), and
negative feedback (NF) that he or she has accumulated historically. Fifth, we
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calculated a trust score for each vendor as PF/(PF + NeuF + NF ). Sixth,
because the number of sold items tends to increase as time goes by (i.e., sellers
with more years of experience tend to have more sales than sellers with fewer
years of experience) we also extracted the history of each seller that is expressed
in years and months and analyzed it in terms of months. The pre-processing of
data consisted of removing all non-numeric characters in the records of our core
variables.
Our web scraping script allowed us to retrieve a total of 51,556 original
records from all Latin-American countries with commercial operations in Mer-
cadolibre. After pre-processing data, we discarded the records with missing
values in the column of sold items (i.e., those without registered sales), as well
as those products that appeared as “used products”, as they might introduce
noise in our analyses due to other factors that are not present in brand new
products (e.g., poor quality or a significantly reduced price for its prolonged
use before selling). Thus, we identified a total of 9,707 valid records that al-
lowed us to described the statistical behavior of the trust scores for each country
(see Figure 1A). Then, we selected the countries that showed a consistent sta-
tistical behavior in their trust scores (i.e., countries with highest trust scores
with low statistical deviation). Following this criterion the resulting sample
consisted of 8,292 records from Argentina, Brasil, Chile, Colombia, Ecuador,
Mexico, Uruguay, and Venezuela (see Figure 1B). We performed all these pro-
cedures as an easy-to-follow guide that interested readers can find and down-
load in the following online repository (https://github.com/jcorrean/Web_
Scraping_Latin-American_E-commerce).
2.2 Data Analysis
We conducted our analyses in the R system [28], by employing data visual-
ization techniques [6], as well as bivariate analysis and regression analysis for
count data [5, 40]. Regression analysis for count data is a non-linear regression
model that, although is not well-known as other types of regression models, is
convenient for analyzing non-negative integer-valued random variables assumed
to be independently identically distributed (iid). According to [5] “regression
analysis of counts is motivated by the observation that in many, if not most,
real-life contexts, the iid assumption is too strong” (p. 2), so we may think of
this technique as one that applies to the special case when the dependent vari-
able, y, is restricted to be a non-negative random variable whose conditional
mean depends on some vector of regressors, x. Poisson regression is the most
commonly used technique for modeling this type of models. According to these
considerations, the mathematical specification of our model shows the following
form
ln(µj) = β0 +β1trustj +β2trust
2
j +β3historyj +β4ln(pricej) +β5PIj + δ (1)
where ln(µj) is the natural logarithm of the mean or expected number of sales
for the individual j for j = 1, ..., N , and δ is the residual term. We estimate the
6
parameters of our model though the use of maximum likelihood (ML) under the
following equation
P (SIj = sij) =
exp(−µj)µsijj
sij !
(2)
Equation 2 shows that the probability of sij , the sale observed for individual
j, follows a Poisson distribution for the mean of the counts of equation 1. A
limitation of the Poisson distribution is overdispersion, and its presence makes
it implausible to assume this type of distribution for the errors. In such circum-
stances, a negative binomial regression model is a viable alternative. We verify
these assumptions through the likelihood ratio test.
3 Results
Figure 1A shows the statistical behavior of trust scores for sellers of Mer-
cadolibre in each country. Among all nations, El Salvador, Bolivia, Nicaragua,
Guatemala, Honduras, Paraguay, Dominican Republic, Panama, and Costa Rica
presented the lowest trust scores (trust ≤ 0.70) with highly dispersed distribu-
tions (0.006 ≥ SD ≤ 0.436). In contrast, Argentina, Brasil, Chile, Colombia,
Ecuador, Mexico, Uruguay, and Venezuela revealed the most homogeneous dis-
tributions (0.046 ≥ SD ≤ 0.181) with the highest trust scores in the region (trust
≥ 0.85). We used this last set of nations as a valid sample of countries that
allows us to examine the relationship between trust scores and sales (n = 8,292).
Figure 1B reveals that the average and the standard deviation of trust scores
maintain a curve-like decreasing relationship with a significant non-parametric
Spearman correlation (ρ = -0.682, p = 0.0024), meaning that, in general, coun-
tries with higher trust scores are those with less variance, excepting Nicaragua.
We now turn to a detailed exploration of the bivariate relationships between
sales (SI) and four of its theoretical predictors: purchase intention (PI), price,
trust, and sellers’ history. Given the large statistical variance of both SI and
price, we applied a log-transformation to their raw values for the sake of data
visualization and parameters estimation. Figure 2 shows these sets of rela-
tionships with colored scatter plots that differentiate their estimated non-linear
correlations across countries, as well as the magnitude of these correlations and
their corresponding 95% confidence intervals for each country. Figure 2 shows
that among all nations analyzed, none of the correlations examined proved to
be statistically consistent, despite being statistically significant.
There was, however, an interesting finding among all of the ten bivariate
relationships. The relationship between purchase intention (PI) and sales (SI),
illustrated in Figure 2E and 2O, proved to be the only one that showed a consis-
tent pattern regardless of the country (i.e., the correlation was always positive
and statistically significant).
We now turn our attention to a thorough series of multivariate analyses of
Regression models for count data. In Table 2 we show the results from a Poisson
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Figure 1: (A) Statistical distribution of trust scores for Mercadolibre vendors.
(B) Relationship between the average and the standard deviation of trust scores
in Mercadolibre
regression model. Here, we find the existence of a quadratic-like relationship
between sales (SI) and trust. While the sign of the coefficient of trust is positive,
the sign of the coefficient of trust square (trustsq) is negative. In order to
interpret these results, suppose we use the coefficients from regression 1 to plot
the following fitted equation SI = exp(0.736 + 8.100 ∗ trust − 5.149 ∗ trust2).
Figure 3 depicts the relationship between our empirical Trust score and sales,
as described by the fitted equation. Here we show that sales, as captured by
the number of sold items (SI), increase with higher values of trust, but such an
increment reaches a maximum when trust is around 0.80. After this point, sales
decrease.
In regressions (2)-(5), we gradually include different control variables. The
signs of the coefficients that correspond to the control variables history, price,
and purchase intention (PI ) are the expected ones. In column (6) we show the
average marginal effects. It follows that trust is associated with a bigger chance
in sales than any other variable. We also note that this variable is robust to
any specification, always showed a substantial impact on sales and proved to
be highly significant. Hovewer, this relationship remains significant only when
we include in the model its quadratic form; trust is not consistent when this
functional form is omitted (see column 4).
Now, we need to verify the assumption that the distribution of errors is
a Poisson one. We estimate a model with pseudo-ML. The results show that
the standard errors are much smaller, pointing out that they do not follow a
Poisson distribution. This result leads us to employ a negative binomial (NB)
regression model to obtain more consistent results (see Table 3). The likelihood
ratio test of alpha indicates that there are problems of overdispersion in the
models, confirming us the use of a Negative Binomial regression model. After
correcting the problem of errors, the results in Table 2 proved to be confirmed;
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Figure 2: (A - J) Scatter plots show the relationship between pairs of core
variables. Colors of fitted lines represent the relationship for each country. (A)
Trust and Purchase Intention (PI), (B) Trust and Sales, (C) Trust and price,
(D) Price and sellers’ history, (E) PI and sales, (F), Price and PI, (G) Sellers’
history and PI, (H) Price and sales, (I) Sellers’ history and sales, (J) Sellers’
history and price. (K - T) bar plots with confidence intervals of correlations
between pairs of variables. (K) Magnitude of the correlation between trust and
PI. (L) Magnitude of the correlation between trust and sales, (M) Magnitude
of the correlation between trust and price, (N) Magnitude of the correlation
between trust and history, (O) Magnitude of the correlation between PI and
sales, (P) Magnitude of the correlation between price and PI, (Q) Magnitude
of the correlation between history and PI, (R) Magnitude of the correlation
between price and sales, (S) Magnitude of the correlation between history and
sales, (T) Magnitude of the correlation between history and price.
namely, we found evidence that points out the significant and robust association
that trust shows with e-commerce sales.
4 Discussion
The empirical evaluation of the statistical consistency of the relationship be-
tween trust and sales in the leading Latin-American E-commerce web site was
the aim of this work. Compared with recent studies aiming at studying this
relationship [9, 18, 26], our work allows us to sustain the following three contri-
butions.
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Figure 3: This figure plots equation 1 to show the relationship between SI and
trust.
Table 2: Poisson Regression Model
Dependent variable: SI
(1) (2) (3) (4) (5) (6)
trust 8.100*** 17.369*** 18.330*** -0.085*** 5.668*** 257.780***
(0.119) (0.250) (0.314) (0.026) (0.226) (10.230)
trustsq -5.149*** -10.527*** -10.625*** -3.568*** -162.267***
(0.075) (0.148) (0.181) (0.134) (6.086)
history 0.001*** 0.002*** 0.004*** 0.004*** 0.195***
(0.000) (0.000) (0.000) (0.000) (0.001)
log(price) -0.128*** -0.267*** -0.268*** -12.167***
(0.001) (0.000) (0.001) (0.044)
PI 0.107*** 0.107*** 4.879***
(0.000) (0.000) (0.013)
Constant 0.736*** -3.244*** -3.115*** 2.515*** 0.287***
(0.047) (0.105) (0.136) (0.025) (0.096)
Observations 7682 7327 6219 6219 6219 6219
Prob >chi2 0.0000 0.0000 0.0000 0.0000 0.0000
Pseudo R2 0.0054 0.0058 0.0253 0.4070 0.4077
AIC. 1646944 1615727 1442599 877707.4 876634.1
Note: Standard errors between parentheses; Delta-method in column 6 (Marginal effects).
Statistical significance:*p<0.1, **p <0.05, ***p <0.01.
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Table 3: Negative Binomial Regression
Dependent variable: SI
(1) (2) (3) (4) (5) (6)
trust 5.743*** 6.733*** 6.830*** -4.362*** 10.012*** 432.772***
(0.578) (0.894) (1.030) (0.264) (0.860) (41.638)
trustsq -3.761*** -4.326*** -4.120*** -9.240*** -399.436***
(0.458) (0.633) (0.747) (0.595) (30.972)
history 0.001*** 0.002*** 0.003*** 0.003*** 0.135***
(0.000) (0.000) (0.000) (0.000) (0.014)
log(price) -0.114*** -0.168*** -0.163*** -7.058***
(0.008) (0.006) (0.006) (0.350)
PI 0.092*** 0.093*** 4.042***
(0.001) (0.001) (0.149)
Constant 1.711*** 1.230*** 1.761*** 6.331*** 0.997***
(0.180) (0.322) (0.362) (0.243) ()
Observations 7682 7327 6219 6219 6219
Prob >chi2 0.0000 0.0000 0.0000 0.0000 0.0000
Pseudo R2 0.0013 0.0008 0.0046 0.1167 0.1202
AIC. 62386.41 59825.14 50671.51 44969.04 44790.2
LR test
α (p-value) 0.000 0.000 0.000 0.000 0.000
Note: Standard errors between parentheses; Delta-method in column 6 (Marginal effects).
Statistical significance:*p<0.1, **p <0.05, ***p <0.01.
First, in Latin-America, the statistical behavior of trust scores was not the
same for all nations. We found the existence of two clusters of countries. On the
one hand, Argentina, Brasil, Chile, Colombia, Ecuador, Mexico, Uruguay, and
Venezuela conformed the cluster of nations that revealed the most homogeneous
distributions with the highest trust scores in the region. On the other hand,
El Salvador, Bolivia, Nicaragua, Guatemala, Honduras, Paraguay, Dominican
Republic, Panama, and Costa Rica conformed the second cluster of countries
that revealed the lowest trust scores with highly dispersed distributions. The
existence of these clusters suggests a differentiated adoption of E-commerce
in Latin-America. This level of adoption split those nations with trustable
interactions between buyers and sellers and those without them. Despite the
importance of trust in most recent studies [20], the evaluation of its statistical
consistency as a predictor of sales had remained neglected so far. Up to the
best of our knowledge, our work is the first one aiming at providing relevant
evidence that sheds lights on filling this gap.
The second contribution of this work relates to the fact that trust proved to
be associated with a bigger chance in sales than any other variable, revealing a
quadratic-like form relationship. This fact posits interesting practical implica-
tions because it follows that sales are neither increased by a lengthy experience
history of a seller nor with competitive cheaper prices. What seems to be criti-
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cal from the customer’s point of view is to transact with a reliable seller whose
feedback shows how other customers have been attended before and after the
commercial transaction. As the trust score in Mercadolibre is intended to cap-
ture the reliability of a seller, the closer the seller’s trust score to its maximum,
the higher the probability of increasing sales in Mercadolibre. In other words,
the main sign of confidence comes from the informational balance made by the
consumer when he or she reads the comments or feedback of other buyers before
deciding to buy an item from a seller. Here, two mechanisms might be differen-
tiated. On the one hand, the number of questions that other buyers post to the
seller before initializing the transaction (i.e., our proxy to purchase intention)
might serve as an essential but subtle mechanism that drives the purchase deci-
sion in Mercadolibre. On the other hand, the feedback that other customers have
given to the seller after completing the transaction defines the reliable conduct
of a seller on the website. This feedback, seen as a customer’s satisfaction indi-
cator, is a powerful social influence that frames all other aspects of the website,
because feedback conveys information about customers’ perceived value, expec-
tations, perceived quality and buyer loyalty to varying degrees, which closely
mirrors what happens in offline shopping environments [25]. In this sense, our
results are aligned with those reported by [35] who also observed the influence
of feedback and word-of-mouth on consumers’ intention to buy a product and
sharing product information with others on social commerce websites.
Finally, but not least important, the third contribution of our work relates
to its methodological approach, which adds itself as another powerful tool in
the research toolbox of the scientific community who focuses on E-commerce
research. This approach exploits the foundations of data science [37] and web
scraping [23, 39] as a convenient means to collect relevant data from the public
records of Mercadolibre. Although our work focused on this Latin-American web
site, we foresee that in the near future other works will generalize our procedure
to other Internet sites such as Amazon, E-bay or Alibaba, exploring different
sorts of relationships beyond the ones already captured through questionnaires
or psychometric techniques.
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